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Abstract. The approach to the problem of evolutionary origirintelligence is discussed; the approach is based
modeling of evolution of adaptive behavior. The k#of leading laboratories in the field of simutettiof adaptive

behavior are characterized. A special attentiopail to reinforcement learning and adaptive critesigns. The

project “Animat Brain” directed to development ofaneral platform for systematic designing of medsladaptive

behavior is described. The results of the conaretdel of evolution of self-learning agents that lbased of adaptive
critic designs are represented. The sketch profpaifature research of evolution of adaptive bebais proposed.
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